In this paper we discuss a framework for modeling the 3D lung dynamics of normal and diseased human subjects and visualizing them using an Augmented Reality (AR) 
Introduction
Medical simulation is a critical component for understanding and planning procedural interventions and predicting patient outcomes. The success of medical simulation is evidenced by the fact that over one third of all medical schools in the United States augment their teaching curricula using patient simulators. [1] Medical visualization is a critical component that enables a viewer to better understand a paradigm presented visually. Recent advances in computer technology provide a further revolution in medical visualization that of coupling medical simulations with patient-specific anatomical models and their physically and physiologically realistic organ morphology. Deformation methods can capture the shape change in 3D organ morphology, a key step in modeling of lung dynamics. Current physically based simulation techniques, such as Finite Element Modeling (FEM) and Finite Difference Modeling (FDM), extend the utility of visualizing the complex anatomy and physiology into both 3D space and the fourth dimension of time. [2] Of particular importance is modeling the shape change of high-resolution 3D lung models with a large number of elements (e.g. nodes, triangles). The large number of elements in these highresolution 3D models contributes to computational complexity of the deformation computation and graphical rendering, therefore limiting the real-time capabilities of the application.
The real-time requirements of the deformation computation may be best understood in the context of a general description of an AR environment employed in 3D visualization as previously described in [3] . The components of this AR environment consist of a Head Worn Display (HWD), an optical tracker, a few landmarks in the physical world, and a virtual scene to be rendered. The landmarks are placed on a physical human patient simulator. The optical tracker tracks the position of the landmarks and the position and orientation of the HWD at the rate of once per 15 msec. A virtual static 3D lung model is superimposed and viewed through the HWD on the human patient simulator. Any changes in the position and orientation of the HWD are tracked and the superimposed virtual lung model is updated and rendered according to the new viewpoint. Fig.1 shows static lungs superimposed over a human patient simulator.
To replace this static model with a physiologically correct deformable lung model that is displayed without flicker, the deformation must be computed at greater than one frame per 15 msec. In this paper we discuss a framework that enables visualizing a human subject's specific 3D lung dynamics in an AR environment satisfying real-time frame-rate requirements. The contribution of this paper lies in the integration (reported in section 3.5) of methods previously detailed.
Literature review
Lung deformations have been studied for verifying different technologies of medical imaging equipments such as myocardial SPECT, understanding pulmonary mechanics, [4] [5] [6] registering MRI images, [7] [8] generating in-vitro lung models, [9] and for medical training purposes [10] . The initial methods to model the 3D human lung deformation were based on physiology and clinical measurements. [11] A significant amount of work has been undergone in understanding and modeling pulmonary mechanics using animal and human data. In these studies, the key parameters extracted from pulmonary imaging modalities are the Green's strain tensor and the Jacobian of the displacement gradient. While the Lagrangian strain tensor provides the change in length of the edges in the 3D data, the Jacobian of the displacement gradient provides insights on the local change in lung volume.
From a simulation and visualization perspective, we concentrate on deforming a given 3D human lung model for a known airflow pattern within the lung. The deformation is modeled by using both the stress and strain components at every lung node and using a physics-based deformation paradigm that relates the stress and strain in a local lung neighborhood. Under this context, the human lung modeling literature has been mainly divided into two approaches: (1) Single compartment model and (2) Multi-compartment model. The physically-based deformation of the human lung model as a linearized single-compartment model was proposed by Promayon. [12] An FEM based single-compartment model was proposed by Decarlo for real-time medical visualization. [13] It was then extended by Kaye in order to model pneumothorax related conditions. [14] Additionally, a visualization-based training method was developed for pneumothorax using a single-compartment model. [10] The method had an analogy for lung deformations to an electrical circuit. [14] A multi-compartment functional FEM model, which modeled the tissue constituents (i.e. parenchyma, bronchiole and alveoli) of lungs was done by Tawhai. This effort aimed in analyzing the anatomical functions of lungs during breathing. [15] The run-time computational complexity of this approach was reduced by modeling solely the bronchioles and the air-flow inside the lung. [16] Of particular importance is the role of airflow inside lungs. Based on medical image analysis, the spatial air distribution inside lungs was shown to be dependent on the gravity and thus the orientation of the subject. From the perspective of a physically-based deformation, the air distribution defines the force applied on the lung model and thus needs to be accounted for. A non-physically based analysis of lung morphology has been extensively investigated in the field of lung physiology and imaging. Some of the key works include the analysis of lung morphology using image warping. [17] A non-physically-based method to lung deformations was also proposed using NURBS surfaces based on imaging data from CT scans of actual patients. [18] The usage of a high-resolution model for lung deformations and its real-time visualization were not addressed in these efforts. From a modeling and simulation perspective, the physically-based deformation methods are suitable for simulating lung dynamics since they allow the inclusion of different breathing parameters.
Methods
In this section we discuss an integration of methodologies developed for modeling a pressure-volume (PV) data of a human subject and for modeling real-time 3D lung deformations. It is followed by a discussion on the real-time optimization of the deformation computation using GPU.
Pressure-Volume relation of human lungs
A method to parameterize the PV relation was discussed by Santhanam et al in [19, 20] . From a modeling and simulation perspective, such an approach allows us to model the PV relations of both normal and disease states (e.g. Chronic Obstructive Pulmonary Disease & Dyspnea). The method takes into account both the control of ventilation and the muscle mechanics. Such an approach allows us to simulate PV curves in different breathing conditions, which can then drive the simulation of 3D lung dynamics for medical visualization applications. The PV relation was represented using both a second-order differential equation that represents the increase and decrease in volume, and a non-linear control function that represents the summary muscle resistance. The control function was given as a linear summation of products of control parameters and a set of basis functions. The basis functions allowed us to steer the control function, which accounts for variations in the breathing condition. The proposed method can be reversed in order to estimate the values of control parameters from human subject data. Results showed that a set of five control parameters might define accurately the PV relation system. The associated PV relation showed less than 1% RMS difference with the normal human subject data.
3D deformable lung model
A method to obtain changes in 3D lung shape in a physically and physiologically accurate manner was discussed in [21] [22] [23] . As a first step a method to obtain physics and physiology-based deformation method was formulated. Within the context of computer animation, a Green's function (GF) based deformation was chosen since it has been observed that lung deformations do not undergo vibrations. The total number of nodes on each of the 3D high-resolution lung models was approximately 400,000. Such a large number of nodes facilitate effective modeling of both normal and patho-physical lung deformations. Also, a Young's modulus was first associated to every node of the 3D lung model based on the lung's regional alveolar expansion. A unit force was then applied on each node and the transfer function matrix was computed using an iterative approach. In each step of the iteration the force applied on a node was shared with its neighboring nodes based on a local normalization of the Young's modulus coupled with inter-nodal distance. The iteration stopped when this sharing of applied force reached equilibrium. At this point of equilibrium the force shared by a node with its neighbors formed a row of the GF's transfer function matrix.
Subject specific 3D lung deformations
The physics and physiology-based method was extended in [22] to include human subject based variations in the transfer function. For a known force obtained from the lung physiology and the displacement obtained from a human subject's 4D HRCT data, the changes in the values of the GF's transfer function were computed. Specifically a parameter C was associated with every node that represented the subject specific variations in the transfer function. A spherical harmonics transformation (SHT) of the GF's transfer function row, applied force and the displacement (observed from the subject's 4D HRCT data) was then computed. The parameter C was then computed for each node of the 3D lung model and the GF's transfer function was appropriately modified.
GPU-based lung deformation
A method to speed-up the computation process of the proposed deformation system was discussed in [24] . A per-vertex approach for deforming and rendering 3D lung models was considered. A method to optimally compute the matrix-vector multiplication in a GPU during run-time was presented. Specifically the matrix-vector multiplication was represented in steps, which can be partially pre-computed off-line. The columns of the transfer function matrix were pre-computed and represented using SHT coefficients. These coefficients were obtained from orthonormal decomposition of the transfer function matrix using SH transformations [25] . This property of SHT allows us to represent the transfer matrix using a minimal number of SH coefficients.
While the 3D models were rendered using a point-based rendering approach, a comparison of the frame rate per second (FPS) in using point-based rendering and polygon-based rendering was discussed. Additionally, the number of SHT coefficients used for representing the transfer function row is very less as compared to the number of coefficients used for shape approximation. The proposed method coupled with the per-vertex nature of the SH coefficients allowed us to use GPU for improving computational-speed.
Integration
The sequence of steps involved in obtaining real-time 3D lung dynamics using the methods discussed in sections 3.1, 3.2 and 3.3 is now discussed. The clinical data include four PV curves obtained from normal human subject data, and 4D HRCT data of normal and tumor-influenced human subjects. The PV curves were parameterized using the method discussed in section 3.1. The mean of the control constants associated with each of the parameterized PV curves was then computed, in order to represent the mean normal PV curves. We then modified the parameterized PV curve to simulate tumor-influenced 3D lungs. We then simulate a change in the motor drive for breathing, caused by the tumor inside the lungs. All three PV curves are as shown in Fig.1 . The 3D lung models associated with each of the 4D HRCT datasets were first extracted. The displacement associated with each node of the 3D lung model was computed. The applied force due to the airflow inside the lungs was given by the vertical pressure gradient of the lungs. Using the inverse deformation method discussed in [22] and [23] . We extracted the subject-specific transfer function for the normal and tumor influenced 3D lung models. Using this transfer function we deformed the 3D lung model for a unit increase in volume. We now discuss the computational speed-up obtained using GPUs. For simulation purposes we consider an Nvidia GeForce4 Go5200 and their CG-based vertex shaders. The 3D lung model at the start of the inhalation together with the estimated transfer function is now considered. The SHT coefficients associated with each row of the transfer function were computed as shown in [26] . The vertex position of each node in the lung model along with the SHT coefficients were transferred into the GPU's vertex array. For a given applied force, the displacement was computed in the vertex shader program executed in the GPU. The applied force was normalized so that the sum of the applied force magnitude on all the nodes was equal to a unit increase in volume. A unit increase in volume was set as the ratio between the tidal volume of human lungs (i.e. 500 ml) and the product of the deformation steps per second (i.e. 66.66 steps/sec) multiplied by the ventilation rate of inhalation or exhalation (normally 5 sec/breathing). The simulated 3D lung models at the residual pressure, and 100% tidal pressure of the inhalation cycle are as shown in Fig.2a-b for normal lungs and Fig.3a -b for tumor-influenced lungs. The speed-up obtained using the GPU based computation is as shown in Table. 1. 
Discussion
A method to obtain subject-specific 3D lung dynamics is presented in this paper. The method is based on integrating methods discussed in [19, 21, 22, 26] . Such integration may form an effective tool for training clinical technicians on medical procedures, [3] and also for developing guiding systems for treatment procedures such as in radiation oncology [27] . Future work would involve validating the method discussed in this paper and addressing subsequent changes required in each of the methods. Specifically, the transfer function estimated from the subject data is set to remain a constant until the tissue properties undergo irreversible damage. Further validations needs to be done on verifying the constancy of the transfer function. Also the simulated deformation need to be conducted to the verify using invasive analysis of patient-data. Such validations would require a detailed analysis using patient-data with normal and disease conditions, whose results will be discussed in the future.
